This paper presents a transit simulation model designed to support evaluation of operations, planning and control, especially in the context of Advanced Public Transportation Systems (APTS). Examples of potential applications include frequency determination, evaluation of real-time control strategies for schedule maintenance and assessing the effects of vehicle scheduling on the level of service. Unlike most previous efforts in this area, the simulation model is built on a platform of a mesoscopic traffic simulation model, which allows modeling of the operation dynamics of large-scale transit systems taking into account the stochasticity due to interactions with road traffic. The capabilities of Mezzo as an evaluation tool of transit operations are demonstrated with an application to a realworld high-demand bus line in the Tel Aviv metropolitan area under various scenarios. The headway distributions at two stops are compared with field observations and show good consistency between simulated and observed data. 
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INTRODUCTION
Public transportation systems are increasingly complex, incorporating diverse travel modes and services. As a result, various Advanced Public Transportation Systems (APTS), designed to assist operators, have been developed and implemented (Casey et al. 2000) . The need to integrate and efficiently operate these systems poses a challenge to planners and operators. As new technologies and applications are proposed, tools to assist in their development and evaluation prior to field implementation are needed.
In the context of general traffic operations, simulation models have been established as the primary tool for evaluation at the operational level. Most of the advances in these models related to transit systems have focused on implementation of transit signal priority (Khasnabis et al. 1996 , Liu et al. 1999 , Chang et al. 2003 , Werf 2004 , Lee et al. 2005 , Fernandez et al. 2007 ), operation of bus stops (Liu et al. 1999 , Silva 2001 , Ding et al. 2001 , Werf 2004 , Fernandez et al. 2007 ) and bus lanes (Liu et al. 2006 , Fernandez et al. 2007 ).
Transit simulations provide a dynamic perspective on transit operations, enabling comparisons of various scenarios and representation of complex interactions between the network components: general traffic, transit vehicles and passengers. However, although simulation models can have many advantages for public transportation research, there has not been much effort in the development of transit simulation models. Algers et al. (1997) reviewed 32 microscopic traffic simulation models and reported that only 52% represent public transportation at all, 42% model transit priority, and only 6% model transit traveler information systems. At the same time, the majority of users they interviewed were interested in large-scale applications at the urban or regional context, and that these users ranked modeling of public transportation the second most important capability in traffic simulation models. In the time since their study was conducted, several microscopic traffic simulation models have significantly enhanced their transit capabilities. Boxill and Yu (2000) report that the capability of existing simulation models to effectively simulate APTS applications in large networks is limited. While they found that few microscopic models simulate well the local impacts of APTS, none of the mesoscopic models they reviewed had any transit simulation component at all.
As noted above, most efforts in modeling public transportation and APTS have focused on microscopic simulations. However, these models are inefficient when applied to large-scale applications because of the unnecessary level of detail and extensive computational effort they require. In contrast, mesoscopic simulation models, which represent individual vehicles but avoid detailed modeling of their second-by-second movement, may be useful for systemwide evaluation of transit operations and APTS, as they are for general traffic. This paper reports on the development of a mesoscopic transit simulation model designed to support evaluation of operations planning and control, especially in the context of APTS.
Examples of potential applications include frequency determination, evaluation of real time control strategies for schedule maintenance, restoration from major disruptions and assessing the effects of vehicle scheduling on the level of service. The rest of the paper is organized as follows: First, Mezzo, the mesoscopic traffic simulator that is used as a platform for the development of the transit simulator is described. Next, the overall framework and implementation details of the transit simulation model are presented. The application of the transit simulator is demonstrated with an application to a high-demand bus line in the TelAviv metropolitan area. The demonstration includes a validation, study of travel time variability and demand levels and a sensitivity analysis showing the impact of the recovery time policy on performance. Finally, a discussion and concluding remarks are presented.
MEZZO
The transit simulation model is built within the platform of Mezzo, a mesoscopic traffic simulation model (Burghout 2004 , Burghout et al. 2006 . Mezzo is an event-based simulator, which models vehicles individually, but does not represent lanes explicitly. Links in Mezzo are divided into two parts: a running part, which contains vehicles that are not delayed by the downstream capacity limit; and a queuing part, which extends upstream from the end of the link when capacity is exceeded. The boundaries between the running and queuing parts are dynamic and depend on the extent of the queue. Vehicles enter the exit queue in the order that they complete their travel in the running part. The earliest exit time is calculated as a function of the density in the running part only.
Travel times on the running part are determined by a speed-density function. The default function is: intend to use the turn movement it regulates and processes them in sequence. A maximum queue look-back limit may be defined for each turning movement in order to represent dependencies among turning movements (e.g. when a queue in one movement blocks access to the lanes used by another turn movement). Turning servers are modeled stochastically with truncated normal service times.
Vehicles in Mezzo are generated at mean rates specified by time-dependent OriginDestination (OD) flow matrices. Pre-trip route choices follow the multinomial logit model with a set of pre-defined routes and historical link travel times. En-route, drivers may switch their routes in response to information they receive. The route switching model also uses the multinomial logit model structure. Information received by the drivers is used to update the travel times and routes sets that drivers use in evaluating the utilities of the various routes.
Mezzo is implemented modularly using the object oriented programming (OOP) approach in order to enable further enhancements and developments. Each entity in the simulation model (e.g. node, queue, vehicle, OD pair) is represented as an object with its related variables and functions. As an event-based simulation model, the event list calls the Action objects at the appropriate times at which they are booked. A complete description of the structure of Mezzo and its implementation details is presented in Burghout (2004) . Mezzo is also capable of hybrid microscopic-mesoscopic simulation (Burghout et al. 2005) and has been applied in evaluating bus-priority in adaptive signal control (Burghout and Wahlstedt 2007) .
TRANSIT SIMULATION

Object framework
Mezzo was extended to simulate transit operations, based on the framework shown in Figure   1 , which presents only the six transit-oriented classes: Bus Type, Bus Vehicle, Bus Line, Bus 
Simulation flow
As mentioned above, Mezzo is an event-based simulation model. As such, the time clock of the simulation progress from one event to the next according to a chronological list of events that refers to the relevant objects. At the start of the simulation, all objects are initialized and some of them register an event. The execution of most events trigger the generation of new subsequent events. The transit simulation introduces several new event types. Finally, when the bus arrives at the end of its route and the trip ends, Mezzo checks whether or not there is an additional trip for this bus vehicle. If so, and the next trip has already been activated (i.e. the trip scheduled departure time has already passed), the bus vehicle is assigned to the next trip and enters its first link. In the case that the next trip is not activated the bus vehicle waits until the scheduled departure time. The bus vehicle is deleted if there are no more trips on the vehicle scheduling of this vehicle.
The main simulation loop is designed to support the implementation of control strategies, which requires additional steps. Each object that is a potential subject for control strategy is indicated by a flag. Every time that an event is executed, the model checks whether a control strategy is defined for this type of event, and if so, executing the control logic to determine the appropriate action. For example, if holding control is in place, for every bus that enters a stop, the simulation checks whether the bus stop is listed as a time point stop for the specific trip and if it is, for how long the bus should be held (if at all). The result of this check would affect the time associated to the stop exit event that will be generated.
Outputs from the simulation include stop level statistics, such as early and late arrivals, dwell times, numbers of boarding and alighting, bus loads and travel times between stops.
Aggregations at the level of the trip, the vehicle or the line, such as schedule adherence, headway and passenger wait time distributions, load profiles and other level of service measures are also computed.
Implemented models
The additional transit simulation components were designed to include detailed representation of the operations of public transportation including its basic attributes such as travel times, dwell times, boarding and alighting processes and recovery times. The assumptions made about these processes are critically important because they dictate the demand and supply representation and also the resulting level of service measures, such as passenger waiting times (Bowman and Turnquist 1981) . This section describes the main components of the transit simulation model: the passenger arrival and alighting processes, dwell time functions and trip chaining.
Passenger arrival and alighting processes
Passenger demand is represented by two components: the arrival rates at stops of passengers for each line and the demand to get off the bus at each stop. This level of representation is detailed enough to support study of the impacts of demand on service times and on crowding levels, while relying on aggregate modeling of transit users, avoiding explicit generation of individual passengers. In case that the passenger arrival process takes place over periods with different arrival rates (i.e. the relevant headway is spread over two or more time periods) the number of passengers wishing to board is calculated as the sum of the generations in these time periods.
The passenger alighting process is assumed to follow a Binomial distribution (Morgan 2002, Liu 
Dwell times
Trip travel times consist of two parts: running times and dwell times. Dwell times include the time needed for the doors to open, boarding and alighting of passengers, the closing of the doors and the bus to get off the stop. The default dwell time function implemented in the model is based on the one adopted in the Transit Capacity and Quality of Service Manual (TCRP 2003) . With this function, the time needed for passengers to board and alight is calculated separately for each door. The overall dwell time is determined by the door that has the longest service time (Lin and Wilson 1992) . In addition, the function differentiates between stops that are placed in-lane and those that use a bus bay, which require longer dwell times due to the time needed for the bus to re-join traffic on the regular lane when exiting the stop. The model also assumes that dwell times increase when buses alight and board passengers outside of the physical stop (e.g. because the stop is occupied by other buses). For standard buses, the resulting dwell time function is given by: 
Where front p is the fraction of passengers that alight from the front door. In addition, the model supports the implementation of control strategies at stops. In the presence of control strategies, the departure time from the stop is given by: 
Trip chaining
Vehicles in Mezzo are assigned an origin and a destination and follow a route between them. 
CASE STUDY
Bus line description
In order to demonstrate its capabilities, the transit simulator is applied to a case study to 
Validation results
The outputs of the simulation were tested against real-world data. Video traffic records were available from two bus stops -Stop 28 stop on the inbound direction and stop 4 on the outbound direction for the period 06:30-08:30. Figure 5 shows the observed and simulated headway distributions for these two stops, figure 6 shows the cumulative distribution functions of headways. , In addition, the coefficients of variation for observed and simulation data were compared. For stop 28 the coefficient of variation is 0.80 for the observed data and 0.60 for the simulated data, whereas for stop 4 they are 0.26 and 0.20, respecitvely. As can be expected, the coefficient of variation of the headway distribution is higher at stop 28 than for stop 4, which is much closer to the origin terminal. This result suggests that implementation of control strategies, such as headway or schedule-based holding of buses at time points may be useful for this line. The results suggest a slight underestimation of the headway variability, which may be the result of the implicit representation of the impact of background car traffic on link travel time variability. Therefore, car traffic impacts do not propogate over links, ignoring the correlation of travel time variabilities for consecutive links. In the future, background traffic will be modeled explicitly.
A comprehensive validation of the model requires many more observations and for a larger number of stops along the line. However the presented evaluation shows that the simulation results are consistent with field observations.
Experiment
The demonstration experiment included study of the impact of two factors on the line performance: the passenger demand and travel time variability. Table 2 In the case study running times between stops were assumed to follow lognormal distributions, with means equal to the scheduled times. At both trip ends, recovery times were calculated based on the 85 th percentile of the trip travel times, calculated according to the lognormal distribution. These recovery times were then used as minimum requirements in determining the trip assignment for each bus vehicle, while the layover times are already integrated into the scheduled times. In addition, a sensitivity analysis on the layover policy was conducted. The trip chain was designed with two additional recovery policies: using the 55 th and the 70 th percentile of total travel times. These policies were implemented with the intermediate demand and variability levels.
Results
The detailed representation of the bus operations in the simulation allows evaluation of its performance ranging from the level of a single run to the overall system performance. At the most detailed level, Figure A phenomenon in transit systems that may have significant impact on levels of service is the accumulation of variability in travel times as buses progress through their schedules. Figure 8 demonstrates the evolution of headway variability at the various stops along the inbound route. As the standard deviation of the headway increases along the route, the on-time performance statistic decreases -It drops from 100% to 48%. Following Ceder (2007) , a bus is considered to adhere to schedule at a specific stop, if it arrives between one minute early and four minutes late compared to its scheduled arrival. Figure 9 shows an example of the load profiles of the outbound route for two successive buses. The leading bus had a long headway followed by a bus with a short headway. For comparison the expected load profile for the planned headway, which was tested by a simulation run with deterministic conditions (constant running times and dwell times) is presented as well. It can be seen that the actual load profile varied significantly from the one expected under deterministic conditions: the first bus with high headway had to pick up all the passengers that had accumulated, which resulted in longer dwell times and caused the following bus that had fewer passengers and therefore shorter dwell times to catch up with it.
This trend was restrained in the intermediate stops, as the first bus with the long headway reached its capacity (70 passengers) and left waiting passengers behind. As a result, the second bus with the short headway had to pick up more passengers than expected according to its headway. Finally, the headway at the destination terminal was only two minutes, instead of 8 minutes, as planned. From the passenger point of view, being unable to board overcrowded buses are sources for unreliable and inconvenient service. At the system level, several measures of performance were calculated for each scenario. Table   3 summarizes these measures for the various scenarios. The variability of headways is the main measure for evaluating transit reliability in particular for short-headway services, when bus bunching occurs. The headway variability was calculated for each stop along the route.
The reported statistics are the mean values across all stops in each direction. The headway variability increases with the level of variability of running times between stops.
It is evident that higher travel time variability level results in a less regular service, with less stop arrivals that adhere to the planned headway. Higher travel time variability causes higher frequency of extreme values, which represent bunching. Service regularity can be measured as the percentage of headways that are between 50% and 150% of the planned headway (Nakanishi, 1997) . The service regularity was decreased from 77% under the low variability travel time to 72% under the high variability travel time.
In contrast, the headway variability did not increase with demand level. This result is perhaps counter-intuitive. It seems to derive from the high demand load. Initially, the headway variability increases with the demand level because of the connection between the mean dwell time and the dwell time variability implied in the Poisson passenger arrival process. However, at a certain level of demand, buses become too crowded to allow all waiting passengers to board, as the simulation model takes into account the restricted capacity. Therefore, the dwell time variability decreases. In order to examine this explanation, an additional demand scenario of half of the observed demand profile was run. Figure 10 presents the relation between headway variability and the demand level, which supports the above-mentioned hypothesis: the headway variability increases with the demand level for low demands, but decreases in higher demand levels. Another important measure of service reliability is on-time performance. On-time performance was measured for all trips and all stops. The relatively low on-time performance, except for the high-demand scenarios, is because of early arrivals. The relative high share of early arrivals from the total number of buses that did not arrive on-time, calls for the implementation of schedule-based holding. The last system-level measure in Table 2 is the average number of passengers per stop that are unable to board the bus because it is overcrowded. As expected, this statistic increases with the level of passenger demand.
The objective of fleet assignment procedures is to generate trip chains with the minimal number of vehicles required to fulfill the schedule. This objective is better served by shorter layover and recovery times. However, the operator has to balance between the economic criteria and the level of service criteria, since shorter layover and recovery times will result in late departures, missed trips and poor on-time performance. Table 4 
